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FPGA -based video monitoring using an Al-based approach
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High-performance and energy-efficient stream processing is focused for accelerating the revolution of Internet of Things
(loT) and Machine 2 Machine (M2M). Looking at video monitoring in the l0T/M2M world, sophisticated processing such
as video semantic analysis is required strongly though most current systems can only compress recorded video in real-time.
It will enable organized highly efficient operation of 10T/M2M system because each node works as strong decentralized
processing system and avoids unnecessary network load. This paper proposes an FPGA-based system that achieves
sufficient computing performance and sophisticated computation. The proposed prototype system is able to recognize the
action of six volleyball players in rea-time. An Al approach has been used for player recognition and it contributes to
reduce the computational effort and the size of a semantic image database. Through the evaluation of volleyball monitoring
on area system, the result showed that the combination of Al and FPGA-based acceleration can achieve high-performance

and high-accuracy computing.
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